Advances in fluorescence microscopy have introduced new assays to quantify live-cell translation dynamics at single-RNA resolution. We introduce a detailed, yet efficient sequence-based stochastic model that generates realistic synthetic data for several such assays, including Fluorescence Correlation Spectroscopy (FCS), ribosome Run-Off Assays (ROA) after Harringtonine application, and Fluorescence Recovery After Photobleaching (FRAP). We simulate these experiments under multiple imaging conditions and for thousands of human genes, and we evaluate through simulations which experiments are most likely to provide accurate estimates of elongation kinetics. Finding that FCS analyses are optimal for both short and long length genes, we integrate our model with experimental FCS data to capture the nascent protein statistics and temporal dynamics for three human genes: KDM5B, β-actin, and H2B. Finally, we introduce a new open-source software package, RNA Sequence to NAscent Protein Simulator (rSNAPsim), to easily simulate the single-molecule translation dynamics of any gene sequence for any of these assays and for different assumptions regarding synonymous codon usage, tRNA level modifications, or ribosome pauses. rSNAPsim is implemented in Python and is available at: https://github.com/MunskyGroup/rSNAPsim.git.
elongation rates caused by codon-optimized sequences [10] , the spatiotemporal 66 translation of specific genes in specific cellular compartments [7, 8] , ribosomal 67 frameshifting with bursty dynamics [14] , and non-canonical forms of translation [15] . 68 As these experimental techniques rapidly evolve, they induce a growing need for 69 precise and flexible computational tools to interpret the resulting data and to design the 70 next wave of single-RNA translation experiments. To help fill this gap, we present a 71 versatile new set of computational design tools to estimate which specific single-mRNA 72 translation dynamics experiments would provide the most accurate inference of model 73 parameters. We demonstrate the generality of our analyses by simulating results for 74 several different single-molecule experiments for a large database of human genes. We 75 explore these different combinations of gene and experiment to ask which methodologies 76 are better to measure specific biophysical parameters and for which types of genes. We 77 then constrain our model by fitting it to experimental data for several genes. Finally, 78 we describe and demonstrate the use of a new open-source and user-friendly software 79 package: RNA Sequence to NAscent Protein Simulation (rSNAPsim), which allows the 80 user to easily simulate the single-molecule translation dynamics of any gene. Finally, we 81 discuss future directions and the potential limitations of the current form of this new 82 technology.
83
Modeling Single-RNA Translation Dynamics
84
To simulate translation with single-molecule resolution, we adopted a stochastic model 85 of polymerization that is similar to those developed previously in [16] [17] [18] . We then 86 extend this model to allow for variable ribosome sizes, codon-and tRNA-dependent 
where L is the length of the gene in codons, n f is the ribosome footprint, and 94 x = [x 1 , x 2 , . . . , x L ] ∈ B L is a binary vector of zeros and ones, known as the occupancy 95 vector, which represents the presence (x i = 1) or absence (x i = 0) of ribosomes at every 96 i th codon. The initial reaction in the model describes the initiation step, where the 97 ribosomes bind to the mRNA at the rate w 0 (x 1 , . . . , x nf ). Ribosomes are large 98 biomolecules that occupy around 20 to 30 nuclear bases (or seven to 10 codons) once 99 bound to the mRNA [19] . This is captured in the model by specifying the ribosome 100 footprint, n f = 9, which guarantees that initiation cannot occur if another downstream 101 ribosome is already present within the first n f codons, Fig 2A. This binding restriction 102 can be written simply as:
where k i is the initiation constant, and the product is equal to one if and only if there 104 are no ribosomes within the first n f codons. 105 Similarly, we represent the elongation reactions, where the ribosome moves along the 106 mRNA from codon to codon in direction 5' to 3' according to: Modeling single-molecule translation. A) Translation is divided into three main processes: initiation, elongation, and termination. The ribosome footprint represents the physical space occluded by the ribosome, enforcing that no two ribosomes can occupy the same space and time. B) Kymographs represent ribosome movement as a function of time (y-axis) and position (x-axis). Each line represents a single ribosome trajectory. The average slope is proportional to the effective ribosome elongation rate.
The plot to the right shows the relationship between ribosome movement and fluorescence intensity, and the plot below shows the ribosome loading at each codon position, calculated as the time-average of ribosome occupancy at the corresponding codon. C) Comparison of the average elongation time (top) and the mean (middle) or variance (bottom) of fluorescence intensity as calculated using the simplified model (Eqs. 18 to 21), a linear moments-based model (Eqs. 9 to 17), and a full stochastic model (Eqs. 1 to 5). Gray area represents previously reported parameter values for ribosome initiation. Panels B and C correspond to simulations for the β-actin. Asterisks represent the specific parameter combination used for Table 1. where k e (i) is the elongation rate at the i th codon, and the product again enforces 108 ribosome exclusion. To implement the effect of codon-usage bias and tRNA availability 109 during protein synthesis, we adopt a similar argument to that presented by Georgoni et 110 al., [16] : rare codons are correlated with low tRNA abundance, which cause a longer 111 waiting time for the ribosome to synthesize the given amino acid at that codon. As 112 tRNA concentrations have been related to codon usage [20] , we assume each codon's 113 elongation rate is proportional to its usage in the human genome according to:
where u(i) denotes the codon usage frequency in the human genome (given in S1 Table 115 from [21] ),ū represents the average codon usage frequency in the human genome, and 116 the global parameterk e is an average elongation constant, which can be determined explore different experimental circumstances. As a few examples, (i) one can represent 120 translation inhibition analyses such as those performed in [7] by making the initiation 121 rate, k i , a function of time or external input; (ii) one can analyze effects of synonymous 122 codon substitution by replacing codons with their more or less common relatives; (iii) 123 one can represent codon depletion, as studied in [16] by reducing the corresponding rates 124 k e (i) for all i corresponding to the depleted tRNA; (iv) one could explore the effects of 125 pausing or traffic jams at specific codons by reducing k e (i) at specific codons, or (v) one 126 can represent bursting kinetics by replacing the constant k i with a discrete-stochastic 127 activation/deactivation process. We will explore several of these circumstances below.
128
Kymograph representation of single-mRNA translation dynamics 129 With our simple specification of the translation initiation, elongation and termination 130 reactions, we can now simulate random trajectories, x(t), which we collect to form 131 binary occupancy trajectory matrices X = x(t 1 ) T , . . . , 
where c = [c 1 , c 2 , . . . , c L ] and each c i is the cumulative number of fluorescent probes 148 bound to epitopes encoded at positions (1, . . . , i) along the mRNA. For example, c 149 would be defined as c = [0, 0, 1, 1, 2, 2, 3, 3, ..., 3] for an RNA sequence with epitopes 150 encoded at positions [3, 5, 7] . We note that the random occupancy matrices, X, are When ribosome loading is sparse (e.g., for slow initiation or fast elongation such that 168 (k i /ke 1/nf )), ribosome collisions will become negligible, and the nonlinearities in We define the reaction stoichiometry matrix to describe the change in the ribosome loading vector, x, for every reaction as:
where i corresponds to each codon in the protein of interest. The first column of S corresponds to the initiation reaction, the next L − 1 columns refer to elongation steps when an individual ribosome transitions from the i th to the i + 1 th codon, and the final column corresponds to the final elongation step and termination. Maintaining the same order of reactions, and neglecting ribosome exclusion, the propensities of all reactions can be written in the affine linear form as:
where w 0 is a column vector of zeros with the first entry k i , and W 1 is a matrix defined as:
Using the definition of the fluorescence intensity from Eq. 5, the first two uncentered moments of the intensity I(t) can be written in terms of the ribosome position vector x(t) as:
where E{x(t)} and Σ x (0) are the mean and zero-lag-time variance in the ribosome occupancy vector, respectively. For the approximate linear propensity functions in Eq. 7, the moments of the ribosome position vector are governed by the equations [23] :
By setting the left hand side of Eq. 11 to zero, the steady-state mean ribosome loading vector can be found by solving the algebraic expression:
Similarly, the steady-state covariance matrix, Σ x , in the ribosome loading vector is given by the solution to the Lyapunov equation (from right hand side of Eq. 12):
The auto-covariance dynamics of the nascent protein fluorescence intensity is defined:
where Σ x (τ ) is the cross-covariance of the ribosome occupancies at a lag time of length 176 τ . Noting that the probe design, c, is constant with respect to τ , it is only necessary to 177 find the cross-covariances of the ribosome occupancy. Following the regression 178 theorem [24] , these covariances are given by the solution to the set of ODEs,
where the initial condition is provided by steady-state covariance (i.e., the solution for 180 Σ x (0) in Eq. 14) and the autonomous matrix of the process is given by φ = SW 1 .
181
Integrating Eq. 17, the auto-covariance of the intensity G(τ ) can be found using Eq. 16. 182 We reiterate the fact that this simplification relies only on the assumption of sparse 183 loading of ribosomes on the mRNA, and the moments analyses in Eqns. 13, 14 and 17 184 retain the codon-dependent rate through the definition of the matrix W 1 and the 185 specific positions of probes through the definition of the vector c.
186
Simplified algebraic expressions for nascent translation kinetics 187
In the limit of low initiation events and long genes, the probe region can be further 188 approximated by a single point, and the above model can be simplified even further to 189 allow direct estimation of steady-state translation features. First, since the average time 190 for a ribosome to move one codon is E{∆t i } = 1/k e (i), the total average time it takes a 191 ribosome to complete translation from the start codon to the end of the mRNA is:
where L is the gene length. Using the codon-dependent translation rates from Eq. 4, we 193 can modify Eq. 18 to
If one could experimentally measure τ Exp using one of the techniques described above, 195 thenk e could be estimated as:
where n p is the effective codon position of the fluorescent tag. In practice, the 197 specification of n p will vary depending upon the type of experiment (e.g., FCS, FRAP 198 or ROA) used to estimate τ Exp , as will be discussed in more detail below.
Given the apparent association time of a ribosome on the mRNA (τ ) and the 200 initiation rate (k i ), the distribution for the number of visible ribosomes on a transcript 201 at steady state can also be estimated using this simplified model. Under the assumption 202 that each initiation event is an independent and exponentially distributed random event, 203 the number of ribosomes downstream from the n th b codon, and therefore the fluorescence 204 in units of mature proteins, would be approximated by a Poisson distribution with 205 mean (and variance) equal to
For a more realistic treatment of the fluorescence intensity, one could assume that the multiple probes are spread uniformly over a finite region, such that the fluorescence will increase linearly as ribosomes pass through the probe region. To approximate this gradual increase in fluorescence, Eq. 21 can be corrected by a multiplicative factor (see Methods) as:
where L t is the length of the tag region (e.g., L t = 318 aa for the 10X FLAG 'Spaghetti 207 Monster' SM-tag used in [6] ).
208
Agreement of full and simplified models for codon-dependent translation 209 kinetics 210
To demonstrate the close agreement between the full stochastic model, the reduced 211 linear moments model, and the simplified theoretical analysis, Table 1 This comparison demonstrates that, at least for fast elongation rates, the full stochastic 218 analysis and the moments-based computation are in excellent agreement to estimate the 219 effective time as well as the mean and variance in the level of nascent proteins per RNA. 220 However, when the initiation rate approachesk e /nf , ribosome collisions become more 221 prevalent, which substantially lengthens the effective elongation time ( Table 1 ). However, even for short genes, 229 the linear moments-based model, which includes the exact positions of all probes and 230 the codon usage, provides a more accurate estimate of the true system behaviors.
231

Results
232
Having demonstrated close agreement of the simplified theoretical models with the full 233 stochastic simulations, we can now use the much more computationally efficient 234 theoretical analyses to explore how well different experiment designs should be expected 235 to estimate translation parameters from single-RNA translation dynamics. Using the models above, and if we could experimentally estimate the average time that 239 ribosomes take to translate a single complete protein from a given gene, τ (g) , we could 240 estimatek (g) e using Eq. 20. With this in mind, we next consider three approaches that 241 have been used to estimate τ (g) in recent experimental investigations ( Fig 1C-E) :
242
Fluorescence Correlation Spectroscopy (FCS), Run-Off Assays (ROA), and Fluorescence 243 Recovery After Photobleaching (FRAP). Using our full stochastic models to generate 244 synthetic data and the simplified theoretical model to interpret these data, we ask how 245 accurately would each of these three assays work to identifyk (g) e for a comprehensive 246 list of 2,647 human genes from the PANTHER database [25] and under different 247 imaging conditions corresponding to different frame rates or numbers of mRNA spots. 248 In the FCS approach, we compute the auto-covariance function, G(τ ) (defined in 249 Eqn. 15), of the simulated fluorescence intensities, and from G(τ ) we estimate the time 250 lag, τ F CS , at which correlations disappear (see Fig 1C and Methods). In the ROA 251 approach, we simulate the addition of a chemical compound, such as Harringtonine, 252 which binds the 60S ribosome subunit and prevents ribosome assembly [26] , and we 253 record the average time, τ ROA , at which protein fluorescence disappears from the RNA 254 (see Fig 1D and Methods). To approximate variability in the specific time at which the 255 drug reaches the mRNA and blocks ribosome initiation, we assume that the time of 256 initiation blockage occurs at a normally distributed time of 60 ± 10 seconds [27] . In the 257 FRAP analysis, we simulate an instantaneous fluorescence bleaching of all nascent 258 proteins and then record the average time, τ F RAP , at which fluorescence recovers to the 259 average steady-state level, Fig 1E [ Because this time depends solely on the gene length, and not on the probe placement, 276 we assume np ROA = 1, independent of probe placement. In addition to these effects on 277 average experiment timescale estimates, we note that placing probes as near as possible 278 to the 5' end of the mRNA or using longer proteins increases the fluorescence 279 signal-to-noise ratio for all three approaches and can reduce estimation uncertainties.
280
To generate simulated data, we assumed that all 2,647 genes in the library have a 281 global average translation rate ofk e = 10 sec −1 and an initiation rate of k i = 0.03 sec −1 . 282 For each experiment type and each gene, we simulated time lapse microscopy data for 283 100 independent RNA and for 300 frames at 1/3 frames per second (FPS We next extended our analysis to consider different numbers of spots and different 296 frame rates at which to collect the data, but under the assumption that the total 297 number of frames would remain fixed at 300. Fig 3A shows the corresponding resulting 298 RMSE for different combinations of these experiment designs. As expected, we found 299 the sampling rate and number of mRNA spots to directly affect the estimated k
. 300 FCS was the only technique capable to estimate the true elongation rate within a 301 RM SE FCS ≤ 2.0 sec −1 for short, medium and long genes. For short genes, this could 302 be accomplished with as few as 10 spots with a frame rate of 1/3 FPS. Medium length 303 and long genes could also be accurately quantified with 10 spots at frame rates of 1/3 304 FPS or 1/10 FPS.
305
The ROA was also capable to estimate the elongation rate to an accuracy of 306 RM SE ROA < 2.0 sec −1 for medium and long genes, and for fast frame rates, the ROA 307 approach could be more accurate than FCS. However, when applying the ROA method 308 to short genes, we obtained RM SE ROA > 2.0 sec −1 under all combinations of sampling 309 rates and repetition numbers at 100 or fewer spots ( Fig 3B) . This effect can be 310 explained in that the number of ribosomes actively translating each mRNA is small and 311 highly susceptible to stochastic effects in the case of small genes. We also note that the 312 error using ROA depends strongly on the precision of the estimate for the specific time 313 at which translation is blocked after application of Harringtonine; if the average value of 314 this time is unknown, or if variations exceed our assumed standard deviation of 10 The 'true' elongation rate was set atk e = 10, and the initiation rate was fixed at k i = 0.03 sec −1 for all simulations.
seconds, then accuracy using ROA is severely diminished, especially for short genes. 316 We found that FRAP substantially overestimates the elongation rates for short size 317 genes, which can be observed in Fig 3C, where it is shown that recovering a 318 RM SE FRAP < 2.0 sec −1 was not possible for any of the considered combinations of the 319 number of RNA spots and sampling rates. We argue that the estimate of elongation 320 rates using FRAP is limited by the intrinsic formulation of the fluorescent probe design. 321 FRAP requires an intensity generating mechanism to reestablish the fluorescence to a 322 pre-perturbation steady state. For single-molecule translation studies, this mechanism 323 relies on ribosomal initiation events that are rare and highly susceptible to 324 variability [6] [7] [8] [9] . This variability is reflected in the estimated τ FRAP and in the final 325 estimated elongation rate. Even for the more favorable medium and long length genes, 326 our results indicate that for FRAP, a large number of mRNA spots (>100 mRNA spots) 327 would be needed to achieve accurate estimates ( Fig 3C) . Having determined that the FCS approach provides the most consistent estimate of 331 elongation rate for genes of different lengths, we next turn to published experimental 332 FCS data that quantified the fluctuation dynamics for three human gene constructs of 333 different lengths: KDM5B (1549 aa), β-actin (375 aa), and H2B (128 aa) [6] . Each 334 construct encodes for an N-terminal 10X FLAG 'Spaghetti Monster' SM-tag (318 aa) 335 followed by the specific protein of interest (POI), and the stop codon for each POI was 336 followed by 24 repetitions of the MS2 tag in the 3' UTR region. For each construct, the 337 MS2 signal was used to track the mRNA motion in three dimensions, and the 338 co-localized fluorescence intensity of the FLAG SM-tag was quantified as a function of 339 time. These movies were collected using frame rates of 1 sec for H2B (n=10), 3 sec for 340 β-actin (n=17), and 10 sec for KDM5B (n=35), and each trajectory was tracked for up 341 to 300 frames per mRNA. Figs 4A-C (left) show example time traces (in arbitrary units 342 of fluorescence) for the nascent protein level per individual mRNA for each of the three 343 genes. To achieve long trajectories, it is necessary to use low laser power, which 344 introduces higher variability in signal intensities from one spot to another. Therefore, to 345 account for variability in imaging settings between tracking experiments, all trajectories 346 were normalized to have a variance of one prior to auto-covariance analysis. intensities corresponding to d = 1, 2, . . . mature proteins per mRNA. We denoted 363 resulting probability mass vector as P (d; Λ). Assuming that translation on each mRNA 364 is independent of the rest, we could then compute the likelihood of the steady-state 365 intensity data for each gene given the model as:
and the log-likelihood could be computed:
As non-translating spots could not be separated from spots below a basal FLAG 368 intensity in the experimental data measurements, comparison between simulations and 369 measured distributions ignore all spots with an intensity value less than 1/2 ump.
370
To compare temporal dynamics of the experiments to those of the model, we approximately normally distributed with variances equal to the measured standard error 373 of the mean [30] . Under this assumption, the probability to measure an auto-covariance 374 of G D (τ i ) at lag time τ i according to a model that predicts G M (τ i ; Λ) for parameter set 375 Λ is:
where σ(τ i ) is approximated by the measured SEM auto-covariance at each τ i . The 377 logarithm of this likelihood function can then be written as:
where C is a constant that does not depend upon the parameter set Λ, and the second 379 term is the definition of χ 2 [30] Because the steady-state distributions and the temporal dynamics were measured 382 using independent experiments, the total likelihood function to match both datasets is 383 the product of the individual functions, and the total log-likelihood is the sum of the 384 individual log-likelihoods:
for g = KDM5B, H2B and β-actin. Now, that we have defined a log-likelihood function 386 to compare the data to the model under different parameter combinations, we can 387 explore parameter space, first to maximize this likelihood and then quantify what is the 388 uncertainty in parameters given the data.
389
Codon-dependent translation rates were assumed to be consistent among the three 390 genes, as defined in Eq. 4, but the three genes were allowed to have different initiation 391 rates, {k Optimized parameters and their uncertainties (see Methods) were found to be: After determining that our model was sufficient to reproduce the experimentally 399 measured fluctuation dynamics for H2B, β-actin, and KDM5B, we next extended our 400 analyses to consider a broader range of translation parameters. Specifically, we sought 401 to explore the effects of variations to initiation and elongation rates as well as effects of 402 synonymous codon substitutions or modulation of tRNA concentrations. ribosome loading was predicted to be very low (i.e., fewer than one ribosome per 100 412 codons) and collisions were rare (i.e., fewer than 10 collisions in an average round of 413 translation). However, for slow elongation and fast initiation, such as those measured by 414 Wang et al. [7] ), a ribosome could collide with other ribosomes an average of ∼ 20 times 415 for a gene the length of β-actin. To further illustrate the effects that these initiation 416 and elongation rates would have on ribosome dynamics on different genes, Fig. 5C 417 shows simulated kymographs for SunTag-24X-Kif18b [10] , FLAG-10X-KDM5B [6] , and 418 SunTag-56X-Ki67 [9] , each with their previously reported initiation and elongation rates. 419 In addition, S1 Fig and S2 Fig provide more The open-source toolbox was tested in Mac, Windows, and Linux operating systems 501 and is available at: https://github.com/MunskyGroup/rSNAPsim.git. Simulating a 502 gene with 1567 codons for 100 repetitions of 5000 seconds each takes less than 1 minute 503 using a laptop computer with a Core i7 and 32GB of RAM.
Exploring How Translation Dynamics Vary With Different
504
Discussion
505
Imaging translation in living cells at single-molecule resolution is a new experimental 506 technology that has been applied to only a few genes so far [6-10, 14, 15] , but the 507 number of such studies is expected to grow considerably in the near future [12] . transcription dynamics for a multi-state promoter. Here, we extended that theoretical 513 framework to include the most widely accepted mechanisms affecting nascent protein 514 translation, including codon-dependent elongation and ribosome interference [17] and 515 with specific attention to the placement of fluorescent probes. To complement previous 516 models that have sought to reproduce data from earlier bulk cellular assays [16] , and 517 ribosome profiling data [31, 32] , our focus has been to integrate single-mRNA stochastic 518 dynamics models with data from in vivo single-RNA translation dynamics experiments. 519 We developed a general codon-dependent model, where nascent protein distributions 520 and auto-covariance functions were generated by detailed stochastic simulations that 521 tracked the positions of ribosomes relative to their neighbors. However, in the absence 522 of perturbations to change initiation and elongation rates, most ribosomes do not 523 encounter others during elongation (Fig 2) , at least not at currently accepted elongation 524 and initiation rates from the literature [6] [7] [8] [9] [10] . This observation justifies an assumption 525 of sparse ribosome loading and independent ribosome motion, which allow the linear 526 reaction rate reformulation of the codon-dependent translation model into a simplified 527 stochastic moment model and further reduction led to analytical expressions for the 528 steady-state mean and variance of fluorescence in units of mature protein levels per 529 mRNA (Eq. 21) and for the decorrelation time (Eq. 18). For initiation rates at or below 530 reported experimental values, the simplified analytical model and the full model are in 531 strong agreement (Fig 2) . However, increasing initiation rates relative to the base 532 elongation rate, inserting more rare codons into the sequence, or depleting tRNA levels 533 for some codons will increase the number of ribosome collisions and violate the 534 simplifying assumptions (Figs 2C, 5 ). In such circumstances, the full stochastic model 535 predicts slower effective elongation rates, longer ribosome association times, and 536 accumulation of more ribosomes per mRNA.
537
With the full and reduced models in hand, it becomes possible to predict how well 538 three modern methodologies would estimate elongation rates from single-molecule 539 measurements: Fluorescence Correlation Spectroscopy (FCS) [12] , Fluorescence 540 Recovery After Photobleaching (FRAP) [8, 9, 12] , and Run-Off Assays (ROA) after 541 perturbation with inhibitory drugs [7, 10] . Through simulations on 2,647 genes, we 542 demonstrated that estimating elongation rates for long genes (>1000 codons) could be 543 achieved with great accuracy using any of these methodologies, provided that a minimal 544 number of mRNA spots are considered and with an appropriate temporal resolution as 545 demonstrated in Fig 3. However, our results suggest that FCS would be the most likely 546 method to provide an accurate elongation rate estimate (Fig 3A) , especially for small 547 and medium size genes. Although our simulation results suggest that FCS is the best single-molecule option to estimate elongation rates, it is important to remark that FCS 549 analysis requires the tracking and measurement of intensity for single spots over long 550 periods of time, and such measurements are susceptible to photobleaching and 551 molecular motion. The former issue has been addressed through the application of 552 optical techniques such as highly inclined thin illumination microscopy [33] and the 553 latter could be addressed through the application of molecular tethers to reduce 554 motion [10] . On the computational side, one could potentially address concerns of 555 bleaching or motion relative to the imaging plane by including hyper-parameters to 556 describe these dynamics and then fit these hyper-parameters concurrently with model 557 parameters using Bayesian analyses.
558
Run-off assays using Harringtonine to prevent translation initiation can give 559 accurate estimates when genes are long, but the accuracy of such an approach is highly 560 diminished for shorter genes (Fig 3B) or if the precise time of drug action on the mRNA 561 is not known. Our analyses suggest that run-off assays directly depend on the number 562 of ribosomes actively translating the mRNA at the time of perturbation, and since this 563 number is highly susceptible to stochasticity on small genes, the ROA would require 564 analysis of a much larger number of spots to achieve accurate results. 565 Our analyses show that FRAP gives poor estimates for all genes of all sizes, and for 566 all tested experimental designs, Fig 3C. The recovery of the intensity after 567 photobleaching depends heavily on the initiation rate, which has been found to be an 568 order of magnitude smaller than the elongation rate, making the recovery a highly 569 stochastic process as well. We directly compared the error size for the studied methods, 570 obtaining that the error in FRAP and ROA is two times larger than in FCS, S11 Fig.   571 Using FCS data, we demonstrated that a codon-dependent translation model 572 containing one universal average elongation rate and one gene-dependent initiation rate 573 could capture quantitatively the distribution of nascent proteins per actively translating 574 mRNA, as well as the temporal dynamics, for three different genes expressed in human 575 U2OS cells (Fig 4) . Combining these estimates of initiation and elongation rates with 576 reported values for the same rates identified using other methods and for other genes, 577 we could predict ribosome dynamics and nascent protein intensities for reported gene 578 sequences [6-10, 14, 15] , (Fig 5) . Those results allowed us to conclude that relatively fast 579 elongation rates help maintain substantial space between ribosomes on a single mRNA. The present model and rSNAPsim toolkit have intentionally been made as general 587 and adaptable as possible to efficiently simulate and capture the most accepted 588 mechanisms taking place during translation, i.e. codon-dependent elongation and 589 ribosome interference. At present, the specific rates of codon-dependent elongation are 590 only approximate and based on the prevalence of the corresponding tRNA in the human 591 genome [16] . By modifying this assumption, it is possible to further improve fits for the 592 elongation dynamics shown in Fig 4, and one could find codon dependent rates to 593 explain the diversity of experimentally measured elongation rates depicted in Fig 5. For 594 now, we argue that data from fewer than a dozen genes (and in different cell lines) is as 595 yet insufficient to fully constrain codon dependent rates for all 64 codons. However, as 596 new data is collected for more and more genes, we envision that it will become possible 597 to tune these parameters with greater precision and to capture a greater complement of 598 genes.
599
In addition to variation in initiation, elongation, codon usage, and tRNA concentrations, many other factors have been described to affect ribosome dynamics.
601
These include, but are not limited to, ribosome stalling or drop-off, pauses due to 602 secondary structures of the specific mRNA, and the electrostatic and hydrophobic 603 interactions between the mRNA and the ribosome [17, 32] . We expect that the increased 604 prevalence of single-RNA translation experiments will add to the current understanding 605 and reveal additional mechanisms taking place during translation. At the same time, 606 such discoveries are bound to create new layers of model complexity. Although these 607 mechanisms have not yet been implemented in our present model, they can be captured 608 easily through modification of the set of elongation parameters, k e (i). For example, the 609 rSNAPsim toolbox allows for direct modification of elongation rates at a specific codon, 610 which can be used to mimic pauses at certain locations. Furthermore, all of the 611 computational analyses described above are easily adapted to allow for analysis of 612 simultaneous multi-frame translation dynamics (e.g., when translation occurs on 613 overlapping open reading frames as is the case during frame-shifted translation), as we 614 implemented and described in [14] . Similarly, the code is easily extended to analyze 615 translation of genes that contain more than one set of fluorescence tags in multiple 616 colors, as has been explored experimentally in [15] .
617
A main limitation in the experimental determination and quantification of 618 translation mechanisms is the specific design of the experiment to make that 619 quantification. For example, in its current form, the introduction of tag regions in the 620 open reading frame of the gene of interest can dramatically alter the overall translation 621 dynamics. As depicted in Fig 1B, the tag region is around 300 codons in length, and 622 this added length can substantially bias the measurement biophysical parameters, 623 especially when quantified using FRAP or run-off assays (see Fig 3) . On the one hand, 624 our model can help to explain these differences (S11 Fig) , but more importantly, the 625 models themselves can be used to simulate and evaluate different computational designs 626 to determine which are more likely to reveal important biophysical mechanisms or 627 parameters. We envision that user-friendly simulations, such as those provided by 628 rSNAPsim, can be used to optimize combinations of probe placement, gene length, 629 codon usage differences, video frame rates, drug-based perturbations, or specifications of 630 movie length. To constrain our analyses, we use published gene sequences used on single-molecule 640 translation studies. An initial set of sequences were obtained from Morisaki et al., [6] , 641 these constructs encode an N-terminal region with 10 repeats of FLAG-SM-tag (318aa) 642 followed by one of three different genes of interest: KDM5B (1549 aa), β-actin (375 aa) 643 and H2B (128 aa), the 3' UTR region contains 24 repetitions of the MS2 stem-loops. A 644 second source of gene sequences comes from Yan, et al., [10] , this gene construct multiple gene constructs were build using 10 repeats of FLAG-SM-tag followed by a 650 human gene. The studied human genes come from a comprehensive list of 2,647 gene 651 sequences obtained from the PANTHER database [25] .
652
Correction to mean and variance of fluorescence intensity for 653 the theoretical model 654 Neglecting ribosome exclusion, and under an assumption of memory-less initiation with 655 exponential rate k i , the number of ribosomes to initiate translation in a fixed time, τ , is 656 described by a Poisson distribution with mean and variance equal to k i τ . For a single 657 probe site, we can fix τ as the time it takes a ribosome to move from that site to the 658 end of the mRNA, and the mean and variance of nascent protein fluorescence can be 659 estimated in terms of units of mature protein fluorescence according to Eq. 21.
660
However, for probes that are spread out across a finite tag region, this distribution 661 requires a slight correction to account for ribosomes within the probe region that only 662 exhibit partial protein fluorescence. Let α(s) denote the intensity, scaled in units of 663 mature protein, exhibited by a ribosome at the position, s, along the mRNA as follows: 664
Under an assumption of uniform codon usage, a given ribosome on the mRNA has equal probability to be at any site along the mRNA. If there are an average of µ mRNA total on the mRNA, then the number at each location is approximated by a Poisson distribution with mean and variance both equal to µ/L · ds. Recall that the mean of the sum of two independent random variables is the sum of two means. Therefore, to find the total mean intensity contribution for all ribosomes on an average mRNA (Eq. 22), we can integrate along the length of the mRNA to find:
Similarly, we recall that the variance of a random variable with variance σ 2 and scaled by α is equal to α 2 σ 2 and the variance for the sum of two such variables is the sum of the corresponding variances. Therefor, by noting that µ = σ 2 , we can find the total variance of intensity on a single mRNA (Eq. 23) as:
Fluorescence Correlation Spectroscopy (FCS) 665 FCS is usually implemented by computing and comparing the auto-covariances (or 666 autocorrelations) of fluorescence intensities of one or more particles within small fixed 667 volumes [34, 35] , but similar correlation analyses have been used to quantify intensity 668 fluctuations for tracked single particles [2] . For our analysis, we compute the temporal 669 auto-covariance times of the FLAG fluorescence signal intensity for a moving volume 670 that is centered around the moving RNA spot.
671
To estimate the rate of translation elongation, we took the following approach: first, 672 each experimental and simulated intensity time courses were centered to have zero mean 673 
